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A Precision Simulator of Deep Neural Network Quantization

TAMIYA Yutaka* HASHIMOT Tetsutarox KAWABE Yukihito*

Abstract: The effectiveness of data reduction by quantization is known as a method for speeding up deep learning.
On the other hand, since there is a possibility that the learning accuracy tends to be worse, it is necessary to find a
quantization method suitable for the hardware to be implemented and the neural network. In this paper, we have
developed a general-purpose quantization accuracy simulator to determine the optimum quantization method. In the
accuracy simulation, various quantization methods (data type, scheme, quantization parameter) can be specified, and
multiple quantization methods can be combined for each layer of the network or for each activation, gradient, weight.
Is. By implementing this precision simulator based on PyTorch's Quantization-Aware Training (QAT), the
simulation time can be suppressed to 2.7 times or less of his time without quantization.
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class FakeQuantize(torch.nn.Module):
def init (self, ...):

+ gconfig : QConfig ! +activation : FakeQuantaize
+ activation_post_process  : FakeQuantize + weight : FakeQunatize S
self.register backward hook(.backward hook)
+ weight_fake_quant : FakeQuantize - - -
FakeQuantize (QAT/SX) def backward hook(self, dX, dY):
ivati . self.grad_quant(dY[0
+ activation_post_process : Observer MinMaxObserver g _q ( [ ])
+grad_quant : Observer /{ MovingAverageMinMaxObserver [ _scale,_zero_point= ¥
+ forward : Tensor PerChannelMinMaxObserver [ self.grad quant.calculate gparams())
+ backward_hook : Tensor o MovingAveragePerChannelMinMax dx = torch.fake_quantize per_tensor affine(dY[0],
Observer .
scale, zero_point,
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(¥ self.grad_quant) TEIHI LT, ET/T A X &2HH
T5, ZORETF{LNT AKX L gradient 7 >V VX, forward
Ff &6 U X 912 fake quntize per tensor affine() BE%&iZ &
L CTETICHY T 5 AD MR IT L5,
7243, PyTorch {213 autograd & V9 gradient & HEFHH 92
HALH R B 2P, BT E TIHEDARV, autograd 121
gradient 7 Y LV EBHITE 2N E WS HIKINE L1 H T
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BERREDEM S LD, FERAIL DI FHE R D 215 H
L. #EsalsixiEbiav, 2ofliiix, K4lrndis, &
Y{LBEA% fake quntize per tensor affine() (Zxt L C, 58 &
Heim DE— R & XHIF 543 self.training & 51%0& LT
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A2 b —HF% PyTorhvl.6 ([ZEEL, RENR==—
TNFy T — [T TR EREE 230 L7,
ResNet50 (Z%f L T, NVIDAV100 GPU % 4 A#5# L7z ¥ —
NET, BHERETILHFR%E 4 epoch FEITLIZMEREE 1
IZRT, FPR2 #_X—RX T A & LT, 6 EEOET{LHKX
ZRLTWS, (1) AU T Qint8 @ QAT (activation
(forward) 7% Qint8 T gradient 7% FP32), (2) activation &
gradient & Qint8, (3) Bfloatl6, (4) [4]13#2Z% 7 % HFPS8
(forward 7% 1-4-3, gradient 78 1-5-2 @ FlexFp8), (5)(4)iZ

#* 1 ResNet50 lIZxtT D@ TALIEE S I 2 L—3 3 Ui F(depoch 57)
FP32 Qint8 w/ Qint8 w/ Bfloat16 FlexFP8 FlexFP8 FlexFP8
grad=fp32 grad=qint8 fwd=(1-4-3), | w/ grad- w/ dyn
grad=(1-5-2) | scaling=10k | shared
bias
REAEE 53.1% 60.7% 44.9% 59.6% 0.5% 0.5% 58.1%
Loss 3.24 3.47 4.09 3.49 6.91 6.91 3.43
EITH 268m42s | 523m03s 724m26s 507m33s 505m32s 513m25s 653m44s
EITRRE 1.00 1.95 2.70 1.89 1.88 1.91 243
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RITRFMELL 1.00, 2.08 1.44 1.48
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